In beef cattle, phenotypic data that are difficult and/or costly to measure, such as feed efficiency, and DNA marker genotypes are usually available on a small number of animals of different breeds or populations. To achieve a maximal accuracy of genomic prediction using the phenotype and genotype data, strategies for forming a training population to predict genomic breeding values (GEBV) of the selection candidates need to be evaluated. In this study, we examined the accuracy of predicting GEBV for residual feed intake (RFI) based on 522 Angus and 395 Charolais steers genotyped on SNP with the Illumina Bovine SNP50 Beadchip for 3 training population forming strategies: within breed, across breed, and by pooling data from the 2 breeds (i.e., combined). Two other scenarios with the training and validation data split by birth year and by sire family within a breed were also investigated to assess the impact of genetic relationships on the accuracy of genomic prediction. Three statistical methods including the best linear unbiased prediction with the relationship matrix defined based on the pedigree (PBLUP), based on the SNP genotypes (GBLUP), and a Bayesian method (BayesB) were used to predict the GEBV. The results showed that the accuracy of the GEBV prediction was the highest when the prediction was within breed and when the validation population had greater genetic relationships with the training population, with a maximum of 0.58 for Angus and 0.64 for Charolais. The within-breed prediction accuracies dropped to 0.29 and 0.38, respectively, when the validation populations had a minimal pedigree link with the training population. When the training population of a different breed was used to predict the GEBV of the validation population, that is, across-breed genomic prediction, the accuracies were further reduced to 0.10 to 0.22, depending on the prediction method used. Pooling data from the 2 breeds to form the training population resulted in accuracies increased to 0.31 and 0.43, respectively, for the Angus and Charolais validation populations. The results suggested that the genetic relationship of selection candidates with the training population has a greater impact on the accuracy of GEBV using the Illumina Bovine SNP50 Beadchip. Pooling data from different breeds to form the training population will improve the accuracy of across breed genomic prediction for RFI in beef cattle.
ABSTRACT:
In beef cattle, phenotypic data that are difficult and/or costly to measure, such as feed efficiency, and DNA marker genotypes are usually available on a small number of animals of different breeds or populations. To achieve a maximal accuracy of genomic prediction using the phenotype and genotype data, strategies for forming a training population to predict genomic breeding values (GEBV) of the selection candidates need to be evaluated. In this study, we examined the accuracy of predicting GEBV for residual feed intake (RFI) based on 522 Angus and 395 Charolais steers genotyped on SNP with the Illumina Bovine SNP50 Beadchip for 3 training population forming strategies: within breed, across breed, and by pooling data from the 2 breeds (i.e., combined). Two other scenarios with the training and validation data split by birth year and by sire family within a breed were also investigated to assess the impact of genetic relationships on the accuracy of genomic prediction. Three statistical methods including the best linear unbiased prediction with the relationship matrix defined based on the pedigree (PBLUP), based on the SNP genotypes (GBLUP), and a Bayesian method (BayesB) were used to predict the GEBV. The results showed that the accuracy of the GEBV prediction was the highest when the prediction was within breed and when the validation population had greater genetic relationships with the training population, with a maximum of 0.58 for Angus and 0.64 for Charolais. The within-breed prediction accuracies dropped to 0.29 and 0.38, respectively, when the validation populations had a minimal pedigree link with the training population. When the training population of a different breed was used to predict the GEBV of the validation population, that is, across-breed genomic prediction, the accuracies were further reduced to 0.10 to 0.22, depending on the prediction method used. Pooling data from the 2 breeds to form the training population resulted in accuracies increased to 0.31 and 0.43, respectively, for the Angus and Charolais validation populations. The results suggested that the genetic relationship of selection candidates with the training population has a greater impact on the accuracy of GEBV using the Illumina Bovine SNP50 Beadchip. Pooling data from different breeds to form the training population will improve the accuracy of across breed genomic prediction for RFI in beef cattle.
INTRODUCTION
Genomic prediction uses a training population of individuals with both phenotypic and DNA marker information to estimate marker effects and subsequently to predict total genetic value of selection candidates based on their marker genotypes (Meuwissen et al., 2001) . In beef cattle, feed efficiency is of particular importance as feed provision represents the single largest variable cost in the beef production systems (Perry and Cecava, 1995) . Residual feed intake (RFI), which measures the difference between an animal's actual feed intake and expected feed intake required for maintenance of body weight and growth (Koch et al., 1963) , has gained an increasing popularity as a measurement of feed efficiency due to its independence of production traits (Archer et al., 1999) . Relatively, measuring RFI of individual animals is difficult and costly, which makes genomic selection a more attractive approach to genetically improve the trait. However, RFI data are usually collected on a small number of animals from different breeds or populations, and therefore the accuracy of predicting the genomic breeding values (GEBV) for selection candidates would likely be affected by how the training population is formed.
Simulation studies have shown that for a given marker density and sample size, training in 1 breed to predict the GEBV for another breed yields a lower accuracy in comparison to the within-breed prediction whereas inclusion of data from the breed or population that the prediction candidates belong to in the training population would potentially lead to an increased prediction accuracy (de Roos et al., 2009; Ibánez-Escriche et al., 2009; Kizilkaya et al., 2010; Toosi et al., 2010) . Mujibi et al. (2011) evaluated the accuracy of genomic prediction for RFI in a composite beef cattle population, and the results showed that within-sire genomic prediction had a higher accuracy than the genomic prediction where there was no overlap of sires between the training and validation populations. The accuracy of prediction also varied with different statistical methods used (Mujibi et al., 2011) . In this study, we evaluated the accuracies of predicting GEBV of RFI in Angus and Charolais beef cattle for various training population forming strategies based on genotypes of the Illumina BovineSNP50 Beadchip SNP panel (Illumina Inc., San Diego, CA) using 3 statistical methods including the best linear unbiased prediction with the relationship matrix defined based on the pedigree (PBLUP), based on the SNP genotypes (GBLUP), and a Bayesian method (BayesB).
MATERIALS AND METHODS

Animal and Management
The purebred Angus and Charolais cattle used in this study included 522 steers from 42 sires and 395 steers from 44 sires, respectively. All animals were managed according to the guidelines established by the Canadian Council of Animal Care (1993) , and the Angus and Charolais populations were described previously (Mao et al., 2013) . Briefly, the Angus and Charolais cows were bred by AI and a single sire mating system around July and August of each year, and the steers were born at the Onefour Research Substation of the Agriculture and Agri-Food Canada Research Centre at Lethbridge from 2004 to 2008 and at the University of Alberta's Kinsella Research Station in 2009 between March to May. All steers were vaccinated for bovine viral diarrhea and clostridial diseases but not treated with growth promotants. After weaning around the age of 6 mo, steers were fed a background diet of 77 or 80% barley silage, 20 or 17% steam rolled barley, and 3% supplement. Before the feedlot test, steers were fed a transition diet for a period of approximately 3 wk, with a gradual decrease of barley silage ration and increase of steam rolled barley to be introduced to the finishing diet and the feeding system described below.
Collection of Feed Intake Data
Feed intake was measured during the finishing period for each steer from 2005 to 2010 using the GrowSafe feeding system (GrowSafe Systems Ltd., Airdrie, Alberta, Canada), which was also described by Mao et al. (2013) . Briefly, the animals were housed in a large outdoor pen with water supply and with wood chips provided as bedding. Before entry into the testing facility, each animal was fitted with a passive radio frequency transponder button (Allflex USA, Inc., DFW Airport, TX). The Angus and Charolais steers were randomly assigned to 4 pens of 4 feed bunks each with no separation of breed types and had access to the feed ad libitum. The finishing diet consisted of 20 or 21% barley silage, 76 or 75% steam rolled barley, and 4% feedlot supplement of 32% crude protein, 440 mg/kg of monensin, trace minerals, and vitamins. Fresh feed samples were taken weekly during the feedlot test and were pooled monthly and analyzed for dry matter content. The diet samples of each month were thoroughly mixed and subsampled at a later stage, and analyzed for energy contents by Dairyland Laboratories, Inc. (Arcadia, WI) .
The age of the Angus steers that entered the Growsafe system for feedlot tests averaged 332 d with a range from 319 to 357 d. The Charolais steers began the feedlot test at the age of 322 d with a range from 314 to 337 d. The feed intake data were collected for a period of about 120 d, and the GrowSafe System was monitored daily to ensure a proper function of feedlot test. For the days of disruption on the GrowSafe System, such as mechanical problems, power outages and animal weighing, the feed intake data were excluded from all subsequent feed intake analyses. Weight measurements of all animals were taken every other week during the feedlot test. At the end of the feedlot test each year, steers were weighed and slaughtered within a week at a commercial packing plant.
Calculation of Residual Feed Intake
The daily feed intake for each animal was extracted from the data collected by the GrowSafe System us-ing a customized SAS procedure (SAS Inst. Inc., Cary, NC; version 9.1.3). Days with an average assigned feed disappearance (AFD) <95% of a pen (i.e., >5% of feed missing) or/and a minimum of AFD <0.90% for any individual bunk were excluded for feed intake analyses for all bunks of the pen. The individual animal's daily feed intake pattern was also examined along with individual animal's health records, and days with "poor" intake were identified. When an animal had more than 2 consecutive days of "poor" intake, the days were excluded from further analyses for the animal. A range of 70 to 112 d of test (DOT) was used to compute the daily DMI for each animal for each year, and the DMI was standardized to 12 MJ ME per kg dry matter based on the energy content of the diet for the calculation of RFI.
The components used to predict expected daily DMI and subsequently RFI measures for each animal were calculated separately for Angus and Charolais for each test year as described previously (Mao et al., 2013) . Briefly, the initial weight and ADG were derived from a linear regression of the body weight measurements against time (d) in SAS. The midpoint BW was computed as the sum of the initial weight in kilograms and the product of ADG times half of DOT. Metabolic body weight (MWT) was calculated as midpoint BW 0.75 . A linear regression model was fitted using SAS to generate regression coefficients to predict an animal's expected DMI required for maintenance of its body weight and growth. The model was
in which y i is the standardized daily DMI for the ith steer, β 0 is the intercept, β 1 is the partial linear regression coefficient on ADG, β 2 is the partial linear regression coefficient on MWT, and е i is residual error for the ith steer. The RFI for each steer was then computed as the difference between the standardized daily DMI and the expected DMI required for the animal's growth and maintenance that was predicted using the regression intercept and regression coefficients resulted from model [1], as proposed by Koch et al. (1963) .
Adjustment for Fixed Effects and Estimation of Genetic Parameters for Residual Feed Intake
Additive genetic variance and residual variance components were obtained using ASREML (Gilmour et al., 2009) , and the linear animal model used can be written as follows:
in which y is the vector of phenotypic observations (i.e., RFI), μ is the overall mean, b is the vector of fixed effects including contemporary group and breed effect when data from the 2 breeds were combined, a is the vector of animals' additive genetic effects (breeding values), 1 is the identity matrix, X and Z are the design matrices relating b and a to y, respectively, and e is the vector of random residual effects. The contemporary group was defined as the combinations of 6 test year and 4 pens per year within each breed. It was assumed that a ~ N(0, Aσ 2 a ) and e ~ N(0, Iσ 2 e ), in which A is the numerator relationship matrix formed from pedigree, σ 2 a is the additive genetic variance, I is the identity matrix, and σ 2 e is the residual variance.
The for each breed. Residual feed intake of each steer was adjusted for the population mean and the fixed contemporary group effects within each breed for further genomic prediction analyses.
Single Nucleotide Polymorphism Genotyping and Editing
The Angus and Charolais steers with RFI measurements were genotyped for 54,609 SNP using the Illumina Bovine SNP50 Beadchip. Single nucleotide polymorphisms were screened within each breed, where those with minor allele frequencies less than 0.05, missing rate larger than 0.05, significantly deviated from Hardy-Weinberg equilibrium test (P < 0.001), or highly correlated with another SNP (correlation > 0.95) were filtered out. Single nucleotide polymorphisms removed in 1 breed were also excluded from the other breed. After SNP data editing, 33,321 SNP were retained for the genomic prediction analyses. Missing SNP genotypes represented 0.055% and 0.065% of total number of genotypes in the Angus and Charolais populations, respectively. Missing SNP genotypes were then imputed via the population-based algorithm implemented in Beagle 3.3.2 (Browning and Browning, 2007) . Table 1 shows the number of animals with both RFI phenotype and SNP genotypic information used in the analyses. Two scenarios were investigated when splitting the data into the training and validation populations for each breed. Under scenario 1, steers were grouped according to their birth year. Steers born between 2004 and 2008 were included in the training population (n = 427 for Angus and n = 351 for Charolais), and steers born in 2009 were treated as the validation population (n = 95 for Angus and n = 44 for Charolais). Under scenario 2, steers were randomly grouped into training and validation populations according to sire families, so that no sires were overlapped between training and validation populations. The number of animals in the training and validation populations was purposely kept the same as in scenario 1 to remove the effect of different sample sizes on the accuracy of genomic prediction, so that results from the 2 scenarios would be comparable. This data-splitting procedure was repeated 10 times and each data set was analyzed separately. Data splitting under the scenario 2 was designed to mimic the situation where validation animals have weaker relationships with the training population. For each of the 2 data splitting scenarios, 3 strategies were used to form the training population: within breed, across breed, and by pooling data from the 2 breeds (i.e., combined).
Assignment of Training and Validation Populations
Estimation of Breeding Values for Residual Feed Intake via Pedigree-Based Best Linear Unbiased Prediction Method
Animals in the validation population were assumed to have unknown phenotypes and were combined with animals in the training population to estimate the breeding values using a traditional BLUP method with numerator relationship matrix defined based on the pedigree. The linear animal model can be written in matrix notation as y* = 1μ + Za + e, in which y* is the vector of adjusted RFI, μ is the overall mean, a is the vector of breeding values, e is the vector of random residuals, and Z is the incidence matrix relating a to y*. The mixed model equations (MME) can be written as The MME were solved using ASReml 3.0 (Gilmour et al., 2009) and the breeding values for RFI were estimated for each individual in the validation population. Estimated breeding values via the PBLUP method was only conducted with the training population formed within breed because there was no pedigree link between the 2 breeds, and for simplicity, the estimated breeding values via the PBLUP method were also termed GEBV in this study.
Estimation of Breeding Values for Residual Feed Intake via Genomic Best Linear Unbiased Prediction Method
Similar to PBLUP, animals in the validation population were assumed to have unknown phenotypes and were combined with animals in the training population to estimate their breeding values. The GBLUP method used a genomic relationship matrix derived from the SNP markers instead of the traditional pedigree-based numerator relationship matrix. The procedure described by VanRaden (2008) was used to construct the genomic relationship matrix with modifications to account for the differences of allele frequencies in the 2 breeds. Let X be the matrix containing genotypes of all animals in the training and validation population. Genotypes were coded as -1, 0, and 1 for the 3 SNP genotypes AA, AB, and BB, respectively, in which A and B denote the 2 alleles on the biallelic SNP locus. Dimensions of X are the number of animals (n) by the number of SNP (m). Without loss of generality, let X be organized into 2 blocks corresponding to X, with each row in P 1 (or P 2 ) being a replicated row vector p 1 (or p 2 ). The kth element in p 1 (or p 2 ) was denoted as p 1k (or p 2k ), representing frequency of allele A for SNP k in the Angus (or Charolais) population. Allele frequencies were estimated by simply counting the number of allele A on each locus within each breed. Next, let
, in which 1 is a matrix with all elements set to 1. The 2-breed genomic relationship matrix G was then constructed as
The G matrix was supplied to ASREML as a user defined relationship matrix. The mixed model equations were solved using a preconditioned conjugate gradient (PCG) algorithm implemented in ASREML, and the breeding value of each individual in the validation population was estimated with the training population formed within breed, across breed, or by pooling data from the 2 breeds (i.e., combined). When pooling data from the 2 breeds, the breed effect was included in the animal model.
Estimation of SNP Effects via BayesB and Prediction of Breeding Values
The BayesB method of Meuwissen et al. (2001) was used to predict the GEBV of animals in the validation population. The statistical model, where all SNP effects were fitted simultaneously, can be written as y is the adjusted RFI for animal i, μ is the overall mean, and b j is the breed effect (Angus or Charolais when applicable). When the training population included only animals from 1 breed, b j was removed, n is the total number of animals used in the training population, m equals 33,321, which is the total number of SNP effects fitted in the model, x ik is the kth SNP genotype of animal i, which was coded the same way as described in GBLUP, β k is the regression coefficient on the kth SNP, and e i is the residual effect. The priors for μ and b j were uniform distributions. The residual effect e i followed a normal distribution N(0, σ 2 e ), in which σ 2 e was assigned a scaled inverse chi-square distribution with the degree of freedom v e set to 10 and the scale S 2 e being (Fernando and Garrick, 2008) . The sampling procedure was run for 100,000 iterations with a burn-in of 20,000 iterations. Single nucleotide polymorphism effects were estimated by averaging all the samples after the burn-in period. The GEBV for animal i in the validation population was predicted by summing up SNP effects over all loci as follows:
, in which ˆk b was the estimated effect for SNP k.
Accuracy of Genomic Prediction
The accuracy of the breeding values for RFI in the validation population was calculated as the correlation between the estimated breeding values using PBLUP, GBLUP, or BayesB and the adjusted phenotypic values of RFI divided by the square root of the heritability, as described by Hayes et al. (2010) . The heritability of RFI was estimated based on the current data sets. The Angus and Charolais populations had heritability of 0.47 ± 0.12 and 0.68 ± 0.14, respectively.
Estimation of Genetic Relationship and Linkage Disequilibrium Phase Persistence between Training and Validation Populations
Two factors, genetic relationship and linkage disequilibrium (LD) phase persistence between the training and validation populations, were evaluated to demonstrate their impact on the genomic prediction accuracies under different scenarios and strategies of forming the training population. Pedigrees were traced back to year 1964 to include all 9 generations of 7,503 animals for the Angus population and 12 generations of 4,244 animals for the Charolais population. Numerator relationship matrix A was calculated within each breed from the pedigrees. Pairwise relationships between animal i from the training population and animal j from the validation population of the same breed type, that is, A ij , were extracted and their distributions were plotted to illustrate the extent of genetic relationships between the training and validation populations. Pedigree-based genetic relationships between the 2 breeds were not considered. Linkage disequilibrium phase persistence between the training and validation populations was measured as the correlation of the LD phase between the same pair of adjacent SNP. (Abecasis and Cookson, 2000) was modified to estimate and output r between all pairs of adjacent SNP. Pearson's correlation coefficient of all pairwise r between training and validation populations under various scenarios was calculated to quantify the LD phase persistence.
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Estimation of SNP Effects via BayesB and Prediction of Breeding Values
The BayesB method of Meuwissen et al. (2001) y is the adjusted RFI for animal i, μ is the overall mean, and b j is the breed effect (Angus or Charolais when applicable). When the training population included only animals from 1 breed, b j was removed, n is the total number of animals used in the training population, m equals 33,321, which is the total number of SNP effects fitted in the model, x ik is the kth SNP genotype of animal i, which was coded the same way as described in GBLUP, β k is the regression coefficient on the kth SNP, and e i is the residual effect. The priors for μ and b j were uniform distributions. The residual effect e i followed a normal distribution N(0, σ 2 e ), in which σ 2 e was assigned a scaled inverse chi-square distribution with the degree of freedom v e set to 10 and the scale S 2 e being s is a locus-specific variance, which is unknown and estimated from the data. A scaled inverse chi-square distribution was used as the prior for σ β k 2 with the degree of freedom v β set to 4 and the scale S 2 β being determined
2 is the additive genetic variance component previously estimated by ASREML and p k is the allele frequency of SNP k. The Markov Chain Monte Carlo (MCMC) algorithm was used to sample all the unknowns, including a Metropolis-Hastings (MH) step to sample σ β k 2 and β k jointly from their full conditional posteriors. The sampler was implemented via the web-based software GenSel (Fernando and Garrick, 2008) . The sampling procedure was run for 100,000 iterations with a burn-in of 20,000 iterations. Single nucleotide polymorphism effects were estimated by averaging all the samples after the burn-in period. The GEBV for animal i in the validation population was predicted by summing up SNP effects over all loci as follows:
Accuracy of Genomic Prediction
Estimation of Genetic Relationship and Linkage Disequilibrium Phase Persistence between Training and Validation Populations
RESULTS
Genetic Relationships and Linkage Disequilibrium Phase Persistence between Training and Validation Populations
Distributions of additive genetic relationships between various pairs of training and validation populations of Angus and Charolais are shown in Fig. 1 . In the Angus population, a greater proportion, 0.95%, of pairwise genetic relationship A ij between the animals in the validation and training populations was observed for A ij ≥ 0.25 under scenario 1 in comparison to that of scenario 2 (0.20 ± 0.02%), which indicates a stronger genetic relationship between animals in the validation population and the animals in the training population when steers of 2004 through 2008 were used as the training population and steers of 2009 as the validation population than that under scenario 2, where the training and validation populations were formed with no overlaps of sire families. The small proportion of A ij ≥ 0.25 under data splitting scenario 2 was due to maternal half-sibs between the training and validation populations. A similar trend was observed for the Charolais training and validation populations, where a greater proportion of A ij between the animals in the validation and training populations was observed for A ij ≥ 0.25 (0.53%) under scenario 1 in comparison to the proportions for A ij ≥ 0.25 (0.29% ± 0.04%) under scenario 2. The genetic relationships between pairs of training and validation populations of different breeds, for example, Angus vs. Charolais or vice versa, were not considered due to no pedigree link between the Angus and Charolais populations.
The average physical distance between adjacent SNP of the 33,321 SNP was 80 Kb (SD = 70 Kb), and an average r 2 of 0.23 (SD = 0.25) was detected for the Angus population whereas for the Charolais population, the r 2 was 0.16 (SD = 0.20). The estimated LD phase persistence between various training populations and the Angus and Charolais validation populations are presented in Fig. 2 . Under scenario 1, the estimated LD phase persistence between the Angus validation and training populations formed within breed, by pooling data from the 2 breeds, and across breed were 0.96, 0.92, and 0.70, respectively, and for the Charolais validation population, they were 0.91, 0.81, and 0.66, respectively. The estimated LD phase persistence between the training and validation populations under scenario 2 were very similar to that under scenario 1, with averages and SD over the 10 replicates being 0.96 ± 0.0037, 0.92 ± 0.0031, and 0.70 ± 0.0020 between the Angus validation population and the training population formed within breed, by pooling data from the 2 breeds, and across breed, respectively. For the Charolais validation population the same features were 0.91 ± 0.0056, 0.82 ± 0.0041, and 0.67 ± 0.0047, respectively. The LD phase persistence was the lowest between the Angus and Charolais breed populations (between 0.66 and 0.70).
Accuracy of Genomic Prediction for Residual Feed Intake
The realized accuracies of GEBV for RFI predicted by the PBLUP, GBLUP, and BayesB methods are pre- sented in Table 2 for scenario 1, where animals born from 2004 to 2008 were used as a training data set to predict the GEBV for validation animals born in 2009. The accuracies of GEBV were the greatest (0.54, 0.58, and 0.53 for PBLUP, GBLUP, and BayesB, respectively, for the Angus validation population and 0.38, 0.62, and 0.64 for Charolais) when data of animals from the same breed were used to predict the GEBV of animals in the validation population, that is, within-breed prediction. The prediction accuracies were much lower, ranging from 0.10 to 0.22 depending on the breed and method used, when the Angus training population was used to predict the GEBV of the Charolais steers or when the Charolais training population was used to predict the GEBV of the Angus steers, that is, across-breed prediction. With the combined training data set used to predict the GEBV for either Angus or Charolais, the realized accuracies were much higher compared with the across breed prediction but slightly lower in comparison to the within breed prediction, depending on the breed to predict and method used ( Table 2) .
The realized accuracies of GEBV prediction for RFI given by the PBLUP, GBLUP, and BayesB methods under scenario 2 are presented in Table 3 . In general, the accuracies were lower in comparison to those obtained under scenario 1, and the across-breed prediction resulted in the lowest accuracies among the 3 strategies of forming the training population. With the combined training data set as the training population, the prediction accuracies of GEBV were generally higher than those achieved by the within-breed genomic prediction (Table 3) . The GBLUP method generally performed better than or similar to the BayesB method under the 3 strategies of forming the training population. In comparison to the PBLUP, GBLUP yielded a similar accuracy in the Angus validation population and a higher accuracy in the Charolais validation population under the within breed prediction.
DISCUSSION
The accuracy of GEBV prediction depends on a number of factors that include the number of individuals in the training population, marker density, the heritability of the trait, the number of loci affecting the trait, the extent of LD between markers and the QTL, and the LD phase persistence between the training population and the selection candidates (Daetwyler et al., 2008; de Roos et al., 2009; Goddard, 2009; Meuwissen et al., 2001) . In this study, we investigated the accuracy of genomic prediction for different training population forming strategies using data of 2 purebred beef cattle populations. The results of this study demonstrated the same trend as those reported in simulation studies (de Roos et al., 2009; Ibánez-Escriche et al., 2009; Kizilkaya et al., 2010; Toosi et al., 2010) as well in dairy studies with real data Pryce et al., 2011) and indicated that the genomic prediction of breeding values for RFI within a breed or with a combined training population gave the greatest accuracy whereas low accuracies were observed when a reference of 1 breed, Angus or Charolais in this study, was used to predict the GEBV for selection candidates of the other breed. The results are supported by the genetic relationship and the LD phase persistence between the training and the validation populations; that is, higher genetic relationships and/or greater LD phase persistence between the training populations and selection candidates will yield a greater accuracy of GEBV prediction.
The lowest accuracy of across-breed GEBV prediction observed in this study was likely due to 2 factors: genetic relationship and LD phase persistence between the training and validation populations. The Angus and Charolais steers shared no pedigree link and therefore their pedigree genetic relationship was zero. The correlation coefficient of LD phase between the Angus and Charolais populations was between 0.67 and 0.70, which is much lower than the LD phase persistence when a training population of the same breed or combined breeds was used.
The results observed in this study also suggest that the genetic relationship between the selection candidates and the training population plays a more important role in determining the accuracy of GEBV prediction than the LD phase persistence, which was demonstrated by the differences of prediction accuracy under the 2 data splitting scenarios. In comparison to scenario 1, the accuracies of GEBV prediction were generally lower for the data scenario 2 although the LD phase persistence was not much affected by the different data splitting scenarios. Under scenario 1, animals in the validation population had a larger proportion of A ij ≥ 0.25 than that under scenario 2, where no sires were shared between the validation and training populations. Habier et al. (2007) decomposed the accuracies of GEBV into 2 parts, due to LD and the genetic relationship, and observed that accuracies of GEBV decreased with decay of LD as well as decay of relationship between training and validation animals, which was corroborated by the results of this study. In beef cattle, Mujibi et al. (2011) evaluated the accuracy of genomic breeding values for RFI and related traits in a population of crossbred beef cattle based on 37,959 SNP markers, and their results showed that within-sire genomic prediction had a higher accuracy than the genomic prediction where there was no overlap of sires between the training and validation populations. In an American Angus beef cattle population, Saatchi et al. (2011) reported that genomic predictions were more accurate when animals in the validation population were more closely related to animals in the training set for a range of traits studied, thus also suggesting a greater impact of the genetic links between the training and validation populations on the GEBV prediction accuracy.
As the Angus and Charolais populations shared no pedigree link, the pedigree genetic relationship between the Angus and Charolais populations was zero. The accuracy of the across-breed genomic prediction will therefore rely on the LD phase persistence between the 2 breeds. In this study, the estimated value of LD phase persistence for the Angus and Charolais populations were very similar to those reported by McKay et al. (2007) , at an average distance of approximately 80 Kb between adjacent SNP markers. de Roos et al. (2008) evaluated the LD phase persistence between different dairy breeds and found a similar level of LD phase persistence between breeds to the one found in this study at a similar marker distance. In this study, the lowest accuracies of GEBV were observed for the across-breed prediction, where the LD phase persistence reached 0.70 between the Angus and Charolais populations given the current marker density. It would be interesting to examine whether a higher density of markers, which would give greater persistence of the LD phases between the Angus and Charolais populations, will lead to an increase in prediction accuracy for across breed prediction when there is no genetic relationship between the breeds.
Combining the training data from Angus and Charolais increased the sample size of the training population, the LD phase persistence, and most importantly, the genetic relationships between the training and validation populations in comparison to the across-breed prediction. In this study, when training data across the 2 breeds were combined, the LD phase persistence with the validation population increased from 0.70 to 0.92 for Angus and from 0.66 to 0.81 for Charolais compared to the acrossbreed prediction. The genetic relationships between the combined training populations and the validation populations were assumed to be at the same level as that in the respective within-breed prediction. Therefore, the increase in the sample size, LD phase persistence, and genetic relationship may contribute to the increase of prediction accuracy when the training data from the 2 breeds are combined to form the training population. Although pooling training data from the 2 breeds resulted in a larger training sample size, it resulted in lower LD phase persistence in comparison to the within-breed prediction. Hayes et al. (2009) and Pryce et al. (2011) reported up to a 13% increase of prediction accuracy, depending on the trait, when the training population was formed by combining the data from different populations in comparison to the accuracies of the within-breed predictions. In this study, combining data of the 2 breeds to form a training population resulted in slightly higher accuracy on average in comparison to the within-breed prediction under data splitting scenario 2. However, under scenario 1, the accuracy did not improve in Angus and a reduction in accuracy was observed in Charolais. This could possibly due to the sampling error because the sample size in the Charolais validation population was small and no replicates were performed in scenario 1.
The PBLUP method was a traditional approach to estimate breeding values for selection candidates. Under the data splitting scenario 1, the accuracies of estimated breeding value for RFI by PBLUP were 0.54 and 0.38 for Angus and Charolais, respectively. The accuracies were reduced to an average of 0.30 and 0.31 for Angus and Charolais, respectively, under scenario 2, which was likely due to the decrease of genetic relationships (Fig. 1) . However, PBLUP relies only on the pedigree link between the selection candidates and the training population. Therefore, it is not able to estimate breeding values for selection candidates if there is no genetic link between the selection candidates and the training popu-lation, such as the across-breed prediction of the Angus and Charolais populations in this study.
In general, GBLUP outperformed the PBLUP method due to its ability to capture the population LD between the QTL and markers in addition to the genetic relationship. The advantage of GBLUP over PBLUP was more evident in Charolais than in Angus under data splitting scenario 1, which was likely due to a weaker pedigree link of the Charolais validation with the training population in comparison to the Angus population (Fig. 1) . In addition, genomic relationship matrix estimates the proportion of the genome that 2 individuals share in identity by descent and thus has a better capture of the Mendelian sampling term in comparison to the pedigree-based relationship matrix. The GBLUP method also allowed the prediction of breeding values for selection candidates based on markers when there was no genetic relationship between the training and validation populations. However, lower accuracies were observed for the across-breed prediction in this study, likely due to a lower LD phase persistence between the Angus and Charolais breeds in comparison to the within-breed genomic prediction.
In this study, GBLUP gave similar or slightly better accuracies than the BayesB method. It has been shown in the literature that Bayesian and GBLUP methods had similar accuracies for most of the traits in dairy cattle VanRaden et al., 2009) . Simulation studies have shown that the performance between BayesB and GBLUP methods depends on the genetic architecture of the trait, where BayesB outperforms GB-LUP when there are a few large QTL affecting the trait, and GBLUP gives similar or slightly higher accuracies than BayesB when the number of QTL becomes large and each QTL has a small effect (Clark et al., 2011; Daetwyler et al., 2010) . Residual feed intake is a complex trait, and the 2 breeds used in this study are distinct beef breeds of different biological types. Angus is a British breed and is characterized by its moderate frame and earlier fattening, which allows it to accumulate fat at an early stage, whereas Charolais is a continental European breed with a larger frame and later maturity to fattening (Briggs and Briggs, 1980) . In growing steers, more energy is needed to deposit fat than protein because protein synthesis is energetically more efficient than fat synthesis, and therefore energy required to deposit fat plays a major role in determining feed efficiency although protein turnover leads to a greater maintenance requirement than fat (McDonald et al., 1988; Archer et al., 1999) . Our results in this study suggest that RFI is likely controlled by a large number of QTL with small effects but provide limited insight into the genetic architecture of RFI with respect to the breeds of 2 different biological types. Identification of causative DNA polymorphisms that contribute to the variation of RFI and further characterization of their effects with respect to the different biological types will not only help understand the genetic basis of RFI but also improve the accuracy of genomic prediction across breeds or populations.
Conclusions
The accuracy of predicting genomic breeding values for RFI based on SNP of the Illumina Bovine SNP50 Beadchip in Angus and Charolais breeds using various training population forming strategies under 2 data splitting scenarios were evaluated. The highest accuracies were achieved when a within-breed prediction was performed and when the selection candidates shared stronger pedigree links to the animals in the training population. Accuracies of the across-breed prediction were the lowest for all the statistical methods used under both the data splitting scenarios. Pooling data from the 2 breeds to form the training population resulted in an increasing accuracy in comparison to the across-breed prediction. Overall, prediction accuracies of genomic breeding values for RFI obtained in the study including the withinbreed prediction were still relatively low, regardless of the training population forming strategies and statistical methods used, indicating the need to include more animals with phenotype in the training population and likely with genotypes of a higher density markers.
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